Abstract The majority of medical documents and electronic health records (EHRs) are in text format that poses a challenge for data processing and finding relevant documents. Looking for ways to automatically retrieve the enormous amount of health and medical knowledge has always been an intriguing topic. Powerful methods have been developed in recent years to make the text processing automatic. One of the popular approaches to retrieve information based on discovering the themes in health & medical corpora is topic modeling; however, this approach still needs new perspectives. In this research we describe fuzzy latent semantic analysis (FLSA), a novel approach in topic modeling using fuzzy perspective. FLSA can handle health & medical corpora redundancy issue and provides a new method to estimate the number of topics. The quantitative evaluations show that FLSA produces superior performance and features to latent Dirichlet allocation (LDA), the most popular topic model.
Introduction
There is a growing need to analyze large collections of electronic documents. Moreover, very large-scale scientific data management and analysis is one of the dataintensive challenges identified by National Science Foundation (NSF) as an area for future study [10] . Large collections of electronic documents abound as our collective knowledge continues to be digitized and stored, requiring new tools for organization, search, indexing, and browsing. As a consequence, finding relevant documents has become more difficult for experts. In particular, large scale health and medical text data historically has been generated and stored. For example, the total number of papers published on PubMed website is more than 6 million papers in 2015 1 and the annual average number of US hospital discharges is more than 30 million records [33, 34] . This huge amount of text data and EHRs is a great motivation for companies to save $450 billion a year using advanced data analytical approaches 2 . Developing efficient techniques for discovering the hidden structure in large complicated health and medical data sets, and using that structure to answer questions about those data, is at the core of big health and medical data science research. Substantial resources were allocated in developing new data analytic methods and tools. However, retrieving big health and medical text data is a major current challenge.
One of the popular methods in medical text data representation is bag-of-words (BOW). This technique represents documents based on the frequency of words For example, matrix A shows that word 3 appeared 3 times in document 3. However, this matrix is a sparse matrix for large number of documents [27] . Sparsity means that there are a lot of words in a corpus; however, one document covers a small percentage of all words. Therefore, most elements are zero in BOW matrix [1] .
Topic modeling is a popular method to address sparsity and high dimensionality issues. This method was originally introduced as a text analysis technique that the objects are documents and the features are the frequency of terms. The output of topic modeling is two matrices. The first one is the probability of words for each topic or P (W |T ) and the second one is the probability of topics for each document or P (T |D) ( Figure 1 ).
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Fig. 1 Matrix Interpretation of Topic Modeling
The words with higher probability in W ords×T opic matrix discloses semantic structure. T opics×Documents matrix reduces the number of dimension from the number of words in BOW approach to the number of topics. For example, suppose that there are 100 topics in a corpus with 5000 documents and 10,000 words. Topic modeling converts W × D matrix to two matrices: Words × Topics matrix with 10,000 rows and 100 columns, and Topics × Documents matrix with 100 rows and 5000 columns. It is worth mentioning that the second nonsparse matrix is used for document classification and clustering with 100 topics as the number of features instead of 10,000 words as the number of features in the BOW approach. Document classification and clustering problems categorized labeled and unlabeled documents based on extracted features (topics) from documents using topic modeling.
Topic modeling is an effective method for health and medical text mining; however, due to the intensive amount of available data, there is still the need to improve the performance of this approach. In addition, copy and paste (redundancy) has a negative impact on topic modeling [8] and previous work has shown that most of medical notes are redundant [47] .
In this research, we propose Fuzzy Latent Semantic Analysis (FLSA) model for health and medical text mining. This model shows better performance in both redundant and non-redundant document and can help topic models estimating number of topics in corpus. The remainder of this paper is organized as follows. In the related work section, we review the related research. In the methodology section, we provide more details for FLSA. An empirical study was conducted to verify the effectiveness of FLSA. Finally, we provide an illustrative example for FLSA, and present a summary and future directions in the last two sections.
Related Work
Text mining can be defined as the methods of machine learning and statistics with the goal of recognizing patterns and disclosing the hidden information in text data [23] . In this section, we review key concepts, and health and medical applications of topic modeling and fuzzy clustering (FC).
Topic Modeling in Health and Medical
There are two main approaches in text mining: supervised and unsupervised. The goal of supervised approach is to disclose hidden structure in labeled datasets and the goal of unsupervised approach is to discover patterns in unlabeled datasets. The most popular techniques in supervised and unsupervised approaches are classification and clustering, correspondingly. The purpose of classification is to train a corpus with predefined labels and assign a label to a new document [38] . Clustering assigns a cluster to each document in a corpus based on similarity in a cluster and dissimilarity between clusters. Among text mining techniques, topic modeling is one of popular unsupervised methods with a wide range of applications from SMS spam detection [30] to image tagging [48] .
Topic modeling defines each topic as probability distribution over words and a document as probability distribution over topics. In health and medical text mining, latent Dirichlet allocation (LDA) shows better performance than other topic models [46] .
Health and Medical Applications of LDA
LDA is a generative probabilistic model based on a three-level hierarchical Bayesian model. LDA assumes that documents contain latent topics and each topic can be represented by a distribution across words [6] .
LDA has a wide range of health and medical applications such as predicting protein-protein relationships based on the literature knowledge [4] , discovering relevant clinical concepts and structures in patients' health records [3] , identifying patterns of clinical events in a cohort of brain cancer patients [2] , and analyzing time-toevent outcomes [11] . The discovery of clinical pathway (CP) patterns is a method for revealing the structure, semantics, and dynamics of CPs to provide clinicians with explicit knowledge used to guide treatment activities of individual patients. LDA has used for CPs to find treatment behaviors of patients [24] , to predict clinical order patterns, and to model various treatment activities [7] and their occurring time stamps in CPs [12] . LDA has also customized to determine patient mortality [18] , and to discover knowledge from modeling disease and patient characteristics [43] . Redundancyaware LDA (Red-LDA) is one of the versions of LDA for handling redundancy issue in medical documents and has shown better performance than LDA [9] .
Health and Medical Applications of FC
There are two major clustering approaches: hard and fuzzy (soft). In hard clustering, every object may belong to exactly one cluster but, in fuzzy clustering (FC), the membership is fuzzy and objects may belong to several clusters [26] . Among fuzzy clustering techniques, fuzzy C-means (FCM) is the most popular model [5] . FCM is based on minimizing the overall distance from a cluster prototype to each datum.
Fuzzy clustering has used in predicting the response to treatment with citalopram in alcohol dependence [40] , analyzing diabetic neuropathy [13] , detecting early diabetic retinopathy [50] , characterizing stroke subtypes and coexisting causes of ischemic stroke [20, 22, 21] , improving decision-making in radiation therapy [41] , and detecting cancer such as breast cancer [19] . In addition, fuzzy clustering was used to improve ultrasound imaging technique [39] and analyze microarray data [17] .
Although there are a lot of fuzzy clustering applications in health and medical domains especially in image processing, this approach has not been considered for topic modeling yet. This paper proposes a new approach to provide a bridge between fuzzy clustering and topic modeling to analyze big health and medical corpora.
Methodology
In this part, we describe our method, fuzzy latent semantic analysis (FLSA), for uncovering latent semantic features from text documents. FLSA treats fuzzy view as a new approach in topic modeling and will be validated through a series of experiments, conducted on health and medical text data.
Although LDA has shown a better performance than other topic models, redundancy has negative effect on LDA performance [8, 14] . The reason is that, for example, words like w 1 w 2 w 3 in a document such as d k = {w 1 w 2 w 3 w 6 w 9 } are copied to a document like d p = {w 7 w 8 } to be d p = {w 1 w 2 w 3 w 7 w 8 }. w 1 w 2 w 3 should be assigned to the same topic by LDA but it is possible to be assigned by LDA to different topics. FLSA has a potential to handle the redundancy issue, estimate the optimum number of topics, and provide better performance than its competitors.
Fuzzy Logic and Fuzzy Clustering
The traditional reasoning has precise character that is yes-or-no (true-or-false) rather than more-or-less [52] . 
Fig. 2 Fuzzy Logic Spectrum
Fuzzy logic assumes that if X is a collection of data points represented by x, then a fuzzy set A in X is a set of order pairs, A = {(x, µ A (x)|x ∈ X)}. µ A (x) is the membership function which maps X to the membership space M which is between 0 and 1 [28] . The goal of most clustering algorithms is to minimize the objective function J that measures the quality of clusters to find the optimum J which is the sum of the squared distances between each cluster center and each data point.
The main goal of fuzzy models is to formulate uncertainty for applications such as decision-making [32, 28] . For example, a voter decides to select some candidates among a set of candidates in an election. The voter has different preferences in terms of economic, foreign policy, health, etc. Based on the preferences, the distance between each candidate's plans and the voter's preferences can be changed. These preferences can be formulated and measured in fuzzy clustering with µ, degree of membership.
FLSA
FLSA assumes that documents and words can be fuzzy clustered and each cluster is a topic. For example, given a corpus FLSA discovers topic 1 including dna, genome, and human words with "Genetics" theme, topic 2 including infectious, bacteria, and disease words with "Disease" theme, and topic 3 including organisms, species, and evolution words with "Evolution" theme ( Figure 3) . In this process, words are assigned a fuzzy degree of membership with respect to each cluster (topic). The color of circles shows the magnitude of membership from low (light Grey) to high (dim Grey).
The main goal of FLSA is to find two matrices: P (T |D) and P (W |T ) mentioned in Figure 1 . FLSA has seven steps using Local Term Weighting (LTW), Global Term Weighting (GTM), and Fuzzy Clustering (FC):
Step 1. The first step is to calculate LTW. Among different LTW methods, we use term frequency (TF) as it is the most popular method.
Step 2. The next step is to calculate GTW. We explore four GTW methods in this research including Entropy, Inverse Document Frequency (IDF), Probabilistic Inverse Document Frequency (ProbIDF), and Normal (Table 1) :
-Entropy gives higher weight to the terms with less frequency in few documents [15] . -IDF assigns higher weights to rare terms and lower weights to common terms [42] . -Normal is used to correct discrepancies in document lengths and also normalize the document vectors [37] . -ProbIDF is similar to IDF and assigns very low negative weight for the terms occurring in every document [37] Symbol tf ij defines the number of times word i occurs in document j. With m words and n documents, we need to find b(tf ij ) and p ij for calculating the four mentioned GTW methods:
Name Formula The outputs of this step are the document term matrices with applied TF-Entropy, TF-IDF, TF-Normal, and TF-ProbIDF methods.
Step 3. We use Fuzzy C-means (FCM) in this research to fuzzy cluster the documented represented by the four mentioned GTW methods. FCM minimizes an objective function by considering constraints:
subject to:
Where:
n= number of data c= number of clusters (topics) µ kj = membership value q= fuzzifier, 1 < q ≤ ∞ V = cluster center vector
By optimizing eq.3:
The iterations in the clustering algorithm continue till the maximum changes in µ kj becomes less than or equal to a pre-specified threshold with O(n) computational time complexity.
We use µ kj as the membership degrees for each document (D) with respect to each of topics (clusters). The value of µ kj is between 0 and 1 that can be interpreted as P(T k |D j ) or probability of topic k in document j. This step finds T opics × Documents matrix and uses it along with the following steps to find W ords × T opics matrix in Figure 1 . It is worth mentioning that FLAS's steps are dependent and integrated. For example, the documents (D) and the topics (T) in step 3 are the same topics and documents in steps 5,6 and 7.
To avoid the negative impact of high dimensionality of the four mentioned matrices in step 2, we use singular value decomposition (SVD), which is a popular method [16] to reduce the data dimension before using fuzzy clustering. We select two dimensions, as the minimum number of dimensions, for SVD to have a fast process.
Step 4. We use document-term matrices with the GTW methods in step 2 (W ords × Documents matrix) to find P(D j ) or probability of document j:
Step 5. The next step has two parts. The first part is to find P(D j |T k ) or probability of document j in topic k using P (T k |D j ) in step 3 and P (D j ) in step 4:
Then normalizing P (D, T ) in each topic:
Step 6: We use document-term matrices with the GTW methods in step 2 to find P(W i |D j ) or probability of word i in document j:
Step 7: The final step is to find P(W i |T k ) or probability of word i in topic k (T opics × Documents matrix in Figure 1 ) using P (D j |T k ) in step 5 and P (W i |D j ) in step 6:
FLSA is flexible to work with all dimensionality reduction techniques [16] such as principal component analysis (PCA) [25] and all fuzzy clustering techniques such as self-organizing map (SOM) [36] .
Fuzzy c-means, as it is the core of FLSA, can be applied on both discrete and continuous data. This feature enables FLSA to use a wide range of LTW and GTW methods and to be used for other machine learning and data science applications such as image processing [35] . Moreover, optimization nature of fuzzy clustering provides a solution to estimate the optimum number of topics.
Experiments
In this section, we evaluate FLSA against LDA by document classification using Random Forest, document clustering using k-means, document modeling using loglikelihood, and execution time test. We also evaluate FLSA against RedLDA by document modeling on redundant documents.
We use five datasets, the Matlab package for Chibstyle estimation of log-likelihood 1 , the FCM Matlab package 2 with its default settings including 100 iterations and 1e-5 as the minimum improvement in objective function between two consecutive iterations, the Weka tool 3 for classification evaluation, the MALLET package 4 with its default settings for implementing LDA, and the Python package for implementing RedLDA 5 . The source code for FLSA will be available in the first author's website 6, 7 in R and Matlab platforms.
Datasets
We leverage five available health and medical datasets in this research ( of a larger dataset called WSJ which has a collection of the abstracts of Wall Street Journal. In this dataset, 1300 abstracts were sampled between 1 and 5 times in a uniform manner for 11 times to eliminate bias from random sampling.
Document Classification
The first evaluation measure is document classification using two labeled datasets, M-Dataset and O-Dataset. Document classification problem assigns a document to a class and this problem needs to extract features from text data. To avoid high dimensionality of BOW approach for document classification, topic modeling reduces the number of features by clustering the meaningful related words as a topic. To avoid any possible bias, we track the performance of FLSA against LDA with the 10-fold cross validation method that the data is broken into 10 subsets for 10 iterations. Each of the subsets is selected for testing and the rest of sets are selected for training. We use 50, 100, 150, and 200 topics as the input features of documents for Random Forest method as it is one of the popular and high performance classification methods [44] . The output of Random Forest is presented as a confusion matrix (Table 7) 
Recall(R) = T P T P + F N
Accuracy(Acc) = T P + T N T P + T N + F P + F N (16)
ROC curves plot FP on the X axis vs. TP on the Y axis to find the trade off between them; therefore, the ROC is closer to the upper left indicating better performance ( Figure 6 ).
MCC is used to determine the quality of classification methods, ranging between -1 (the worst perfor- 
This experiment shows that FLSA with Entropy, IDF, Normal, and ProbIDF show better performance than LDA with different numbers of topics (Tables 3 -6 ). The highest performance in each table is shown in bold format.
Document Clustering
The second evaluation is document clustering using unlabeled N-Dataset. Internal and external validation are two major methods for clustering validation; however, comparison between these two major methods shows that internal validation is more precise [45] . We evaluate different numbers of topics and clusters with CalinskiHarabasz (CH) index, as one of the popular internal validation methods, using K-means with 500 iterations. CH index evaluates the cluster validity based on the average of the sum of squared error cluster between and within clusters. Higher CH index indicates better clustering.
We track the performance of FLSAs and LDA using different numbers of clusters ranging from 2 to 8 with different numbers of topics including 50, 100, 150, and 200. CH index shows that FLSAs have better performance than LDA with the different ranges of features and clusters (Figures 4 & 5) . The gap between FLSAs and LDA does not change significantly with different numbers of topics and clusters.
Redundancy Issue
The next experiment explores the effect of redundancy issue using the fifth dataset. R-Datasets are not a medical corpus; however, they were created as a synthetic redundant corpus without having privacy issue to measure the effect of redundancy issue [8] . We select publicly available unlabeled R-Datasets to make the eval-uation process easier for possible future research. We compare FLSAs with not only LDA but also RedLDA, as it was developed to handle redundancy issue in medical text data [9] .
We train LDA, RedLDA and FLSA models on RDatasets to compare the generalization performance of the models. We compute the log-likelihood on a heldout test set to evaluate the models. A higher log-likelihood score indicates better generalization performance. Figure 
Execution Time
In this section, we compare the speed of FLSA in comparison with LDA using T-Dataset, the biggest dataset in this paper. The major process in topic modeling is based on a joint probability distribution over hidden topics and the observed words to infer the word with higher probability in each topic by using the posterior distribution. The most popular approximate method for LDA is collapsed Gibbs sampling applied in the experiments. All the inference algorithms require multiple iterations which increase the computational cost linearly with the number of documents, topics, words, and iterations [51] . Figure 8 shows that the time performance of FLSAs is stable with an increase in the numbers of topics and considerably better than LDA. Table 8 shows a sample of topics that are about family, cancer, Ebola, Alzheimer, nursing, and teenagers: -T 83 is about the benefit of nursing black teens with dementia. -T 42 is about the huge costs of teens pregnancy. -T 33 is reporting a teen's invention to save Alzheimer's patients and improve the quality of their lives. -T 101 is about the government's need to hire more nurses in different cities. -T 85 is about the recipes for family having diabetes specially for women and kids. -T 107 is about using Ebola for cyberbullying.
-T 71 is about the role of psychiatrists against Ebola.
-T 25 is about sneezing as a risk for spreading Ebola and the relation between Ebola and lung cancer.
Conclusion
The vast array of health and medical text data represents a valuable resource that can be analyzed to advance state-of-the-art medicine and health. Large electronic health and medical archives such as PubMed provide an extremely useful service to the scholarly community. However, the needs of readers go beyond a simple keyword search. Topic modeling is one of the popular unsupervised methods to automatically discover a hidden thematic structure in a large collection of unstructured health and medical documents. This discovered structure facilitates browsing, searching, and summarizing the collection.
Fuzzy perspective is a machine learning approach that has been used more in medical image processing than text processing. Existing techniques of topic modeling are based on two main approaches: linear algebra and statistical distributions; however, this paper proposes FLSA to utilize fuzzy perspective for disclosing latent semantic features of health and medical text data.
FLSA is a new competitor to the established topic models such as LDA and has the flexibility to work with a wide range of dimension reduction and fuzzy clustering techniques. FLSA also works with both discrete and continuous data, estimates the optimum number of topics, and avoids the negative effect of the redundancy issue in health and medical corpora.
In our future work, we will develop dynamic and hierarchal topic models using fuzzy perspective. In addition, FLSA will be applied on social media data to track public opinions and will be used for online review and SMS spam detection [29, 31] . 
